Genes dier in the frequency at which they are expressed and in the form of regulation used 5 to control their activity. In particular, positive or negative regulation can lead to activation 6 of a gene in response to an external signal. Previous works proposed that the form of 7 regulation of a gene correlates with its frequency of usage: positive regulation when the gene 8 is frequently expressed and negative regulation when infrequently expressed. Such network 9 design means that, in the absence of their regulators, the genes are found in their least 10 required activity state, hence regulatory intervention is often necessary. Due to the multitude 11 of genes and regulators, spurious binding and unbinding events, called crosstalk, could 12 occur. To determine how the form of regulation aects the global crosstalk in the network, we 13 used a mathematical model that includes multiple regulators and multiple target genes. We 14 found that crosstalk usually increases with the availability of regulators. Our analysis showed 15 that excess use of regulation entailed by the formerly suggested network design caused high 16 crosstalk levels in a large part of the parameter space. We therefore considered the opposite 17 'idle' design, where the default unregulated state of genes is their frequently required activity 18 state. We found, that 'idle' design minimized the use of regulation and thus minimized 19 crosstalk. In addition, we estimated global crosstalk of S. cerevisiae using transcription 20 factors binding data. We demonstrated that even partial network data could suce to 21 estimate its global crosstalk, suggesting its applicability to additional organisms. We found 22 that S. cerevisiae estimated crosstalk is lower than that of a random network, suggesting 23 that natural selection reduces crosstalk. In summary, our study highlights the impact of 24 a new type of protein production cost which is typically overlooked: that of regulatory 25 interference caused by the presence of excess regulators in the cell. It demonstrates the 26 importance of whole-network descriptions, which could show eects missed by single-gene 27 models. integrating many genes and many regulators. As intuition suggests, we found that in most 38 of the parameter space, crosstalk increased with the availability of regulators. We propose, 39 that crosstalk is usually reduced when networks are designed such that minimal regulation 40 is needed, which we call the 'idle' design. In other words: a frequently needed gene will use 41 negative regulation and conversely, a scarcely needed gene will employ positive regulation. 42
regulation. We then analyze TF usage and crosstalk levels of the two extreme designs, i.e., 110
"busy" and "idle" and then construct numerical simulations of a more general asymmetric 111 gene usage model, that are in agreement with the analytical result. Lastly, we discuss 112 the challenges in crosstalk calculation for real gene regulatory networks, in particular, the 113 possible eect of data incompleteness, and show an example using S. cerevisiae TF data.
114

Results
115
A model of gene regulation using a combination of activators and repres-116 sors 117 We consider a cell that has a total of M genes, each of which is transcriptionally regulated 118 to be either active or inactive. We assume that each gene is regulated by a single unique TF 119 species -its cognate one. Each gene has a short DNA binding site to which its cognate TF 120 binds. A fraction 0 ¤ p ¤ 1 of the genes is regulated by activators and the remaining 1 ¡ p 121 fraction of genes is regulated by repressors. When no activator is bound, activator-regulated 122 genes are inactive (or active at a low basal level) and only become active once an activator 123 TF binds their binding site. In contrast, repressor-regulated genes are active, unless a 124 repressor TF binds their binding site and inhibits their activity ( Fig 1A) . We assume that 125 dierent environmental conditions require the activity of dierent subsets of the M genes.
with lower probability [21, 22, 23, 24, 25] . 133 We dene 'crosstalk', which potentially leads to an undesired regulatory outcome, as 134 cases in which a binding site that should be bound by a specic TF is instead bound by 135 a non-cognate one or remains unbound (x bound ), or in which a binding site that should 136 have been unbound is occupied (x unbound ) -see Fig 1C. To quantitate the probability 137 of these events, we use the thermodynamic model of gene regulation [14, 15, 16, 17] . A 138 mathematical model for crosstalk for the special case in which all TFs are activators (p 0) 139 was derived and analyzed in a previous work [13] . Here, we analyze a more general model 140 with a combination of activators and repressors. The reader can nd the details of both 141 models in the SI of this paper. 142
Both activity and inactivity of genes can be attained by means of either activator or 143 repressor regulation. Accordingly, our model distinguishes between four sets of genes (see 144 The probability that a particular gene i is in the x bound or x unbound crosstalk states, 147 depends on the copy number of competing non-cognate TFs, C j , j $ i and on the num- 
As only a subset of the genes is regulated, the summation of only the corresponding 154 
Hence, the lower bound on crosstalk X ¦ only depends on two macroscopic variables: s
200
(similarity between binding sites) and t (fraction of available TFs). The higher the similarity 201 s, the larger the resulting crosstalk X ¦ , where to rst order, X ¦ c s (Fig 2A) c ¦ diverges to innity c ¦ Ñ V (see Fig 2B) . We discuss below the biological relevance of the 212 high t regime. 
(5b)
In Fig 2D, we illustrate regulation following these two extreme designs. We show that 242 the TF assignments dened in Eq. (5) are the two extremes in TF usage. Namely, for any 243 general regulatory scheme, the fraction of TFs needed to regulate a given fraction of genes 244 q is t idle ¤ t ¤ t busy (see SI for formal proof ). 245
In Fig 3A, we illustrate the dierence in the fraction of available TFs between the two 246 extreme designs ∆t t busy ¡ t idle 1 ¡ |p ¡ q| ¡ |1 ¡ p ¡ q| ¡ 0, demonstrating that the 247 'busy' design always requires more regulators than the 'idle' design (see SI). 248
Using Eq. (4), we obtain exact expressions for X ¦ under these extreme designs (see SI).
249
In Fig 3B, we show ∆X ¦ X ¦ idle ¡ X ¦ busy , the dierence in minimal crosstalk X ¦ between 250 the two extreme designs, for all pp,combinations. We nd that the 'idle' design yields 251 less crosstalk in a large part of this parameter space. The 'busy' design still involves less 252 crosstalk for parameter combinations centered around the diagonal p q, whereas the 'idle' design always performs best on the anti-diagonal 1 ¡ p q. This is due to the fact that on 254 the diagonal, the fraction of activators, p, equals exactly the fraction of genes that should 255 be active q, resulting in full usage of all existing TFs, t 1. On the anti-diagonal 1 ¡ p q, 256 the fraction of genes that should be active, q, equals exactly the fraction of repressors 1 ¡ p.
257
Thus, the default state of all genes is the desired regulatory state requiring no TF usage at 258 all, t 0, which makes the 'idle' design most advantageous.
259
In the region in which the 'busy' design yields the lowest crosstalk, this comes at the cost 260 of using a larger fraction of existing TF species, as depicted in Fig 3C. The 'idle' design, in 261 contrast, requires a much smaller fraction of TF species. Furthermore, the two designs dier 262 not only in the fraction of TFs needed but also in their concentrations. To achieve the lower 263 bound, the 'busy' design always requires a higher total TF concentration, c ¦ (Fig 3D) .
264
The explanation for the alternating crosstalk advantage between the two extreme de-265 signs lies in the non-monotonic dependence of crosstalk on TF usage, t (Fig 2A) . For 266 tpp,t ¦ psq, crosstalk increases and for tpp,¡ t ¦ psq, it decreases with t. Thus, for 267 pp,combinations for which t idle t busy t ¦ , 'idle' design will yield lower crosstalk, 268 whereas if t ¦ t idle t busy , 'busy' will be more advantageous (see SI for more details). 269
While 'idle' and 'busy' represent the two extremes, a continuum of regulatory designs in-270 terpolating between these two extremes can be dened. We show, however, that minimal 271 crosstalk is always obtained by one of the two extremes, due to the concavity of X ¦ ptq (see
SI). 273
We previously found that for some parameter combinations of similarity, s, and frac-274 tion of active genes, q, the mathematical expression for X ¦ (Eq. (4)) has no biological 275 relevance [13] . Specically, for similarity between binding sites which is too high s ¡ The distribution of crosstalk in a stochastic gene activity model 289 So far, we considered a deterministic model in which the numbers of active genes and 290 available TF species were xed, resulting in a single crosstalk value per pp,conguration.
291
In reality, these numbers can temporally uctuate, for example, because of the bursty nature 292 of gene expression [27, 28] . In the deterministic model, we also assumed uniform gene usage, 293
such that all genes are equally likely to be active. In reality, however, some genes are active 294 more frequently than others. 295
To account for this, we study crosstalk in a probabilistic gene activity model. We as-296 sume independence between activities of dierent genes, where each gene i, i 1...M , has 297 demand (probability to be active) D i . We then numerically calculate crosstalk for a set of 298 genes. This approach enables us to incorporate a varying number of active genes and a non-299 uniform gene demand and compare our results to the deterministic model studied above. To 300 comply with its demand D i , each gene i is regulated with probability γ i , where γ i D i if 301 regulation is positive and γ i 1 ¡D i if it is negative. We then obtain exact solutions for the 302 distributions of t and X ¦ (Eqs. S14-S14 in SI). In Fig 3F, we illustrate the X ¦ distributions Fig 4A) . In this example, we nd that s eective is almost equal to the median s i 
372
To generally address these questions, we simulate synthetic gene regulatory networks, each 373 integrating 300 TFs. We simulate the binding preferences of these TFs using the PCM 374 statistics of the 23 yeast TFs (see Methods). We then sample subnetworks of dierent sizes 375 from these full networks and numerically calculate crosstalk for each subnetwork (Methods). 376
We sample the full networks in two manners: we either randomly choose a subset of TFs 377 ("random subnetworks") or deterministically select the TFs showing the highest similaritythe prior information that the few yeast TFs for which we have reliable data, are denitely 380 not a random subset, but rather the subset that has the largest number of binding sites. 381
Hence, we expect those TFs to be the least specic of all TFs. Alternatively, this choice can 382 serve as a worst case estimate of global crosstalk. To compare dierent networks on an equal 383 basis, we estimate the eective similarity s eective tted for each subnetwork. Fig 4C shows 384 the distributions and medians of s eective values obtained, as a function of the subnetwork 385 size. Each distribution is based on independent draws of 100 full networks. From each full 386 network, we sample one random and one ordered subnetwork of each size. 387
We nd, that small-size "ordered" subnetworks exhibit higher median s eective values but 388 narrower distributions than the "random" subnetworks, as expected. Both "ordered" and 389 "random" subnetworks converge to the same s eective value for the full network (of size 300).
390
The s eective distribution for the full size represents variation between various full networks 391 of same size, which is signicantly smaller than the variation due to limited sampling, 392 observed for the smaller networks. As the "ordered" subnetworks deliberately include the 393 most promiscuous TFs, their s eective is an over-estimate of the full network measure. In 394 contrast, we nd, that s eective estimated for random subnetworks is an under-estimate of 395 the full network s eective . In our synthetic data, we allowed for binding site length variation 396 among TFs (the PCM dimension). Interestingly, we nd correlation between the TF's 397 promiscuity s i and its consensus binding site length. An opposite eect is found for the 398 length of DNA binding sites (see Fig. S11 ). 399
Considering the suciency of the sample size, for an "ordered" subnetwork, a sample 400 of 50 (out of 300) TFs provides variation close to the full network measure, whereas for 401 "random" subnetworks, a larger sample size of around 100 TFs (out of 300) is needed. The existence of multiple system designs that seemingly realize the same function, is ubiq-410 uitous and often puzzling [33, 34, 35, 36] . Naturally, it raises two types of questions [2]: Are 411 there secondary functional dierences between dierent designs? Do such designs dier in 412 their evolutionary accessibility (and sustainability) [37, 38] or is the existence of one or the 413 other a mere coincidence [39, 11] ? Here, we studied dierent gene regulatory network de-414 signs that implement the same gene activity pattern in response to a signal. We compared 415 details on the numerical calculations of similarities and crosstalk, see Methods. All violin plots exhibit broad s eective distributions which are broadest for the smallest subnetworks, as expected. For "ordered" subnetworks, the median s eective value is high for the small subnetworks (which were chosen to contain the most promiscuous TFs) and then slightly decreases for bigger subnetworks. For random subnetworks, the trend is opposite. their susceptibility to transcriptional crosstalk -a typically overlooked functional aspect. 416
We previously found a lower bound on crosstalk X ¦ X ¦ pt, sq [13] , which is fully deter-417 mined by two macroscopic "thermodynamic-like" variables, regardless of other microscopic 418 details of the network. These are the fractions of available TF species, t, and the average 419 similarity between distinct binding site sequences, s. This emergent simplication enabled 420 us to analyze crosstalk for classes of gene regulatory networks, regardless of other network 421 details. We found that crosstalk always increases with s. In a large part of the parameter 422 regime, crosstalk also increased with t -the fraction of TFs that are available. We showed 423 that dierent network designs may vary in the TF usage they require, and hence dier in 424 the crosstalk levels they incur. We analyzed two extremes: a 'busy' design, which maximizes 425 the use of regulation and, by large, maximizes crosstalk, and the opposite 'idle' design, that 426 minimizes the use of regulation and consequently minimizes crosstalk. We found that, the 427 'busy' regulatory design also requires a much higher total TF concentration. This 'busy' 428 design is equivalent to the previously proposed Savageau demand rule [1] . 429 We also studied a stochastic gene activation variant of the model, where the number 430 of active genes can uctuate. We found that it is well-approximated by the deterministic 431 activation model, because the distributions of TF availability and minimal crosstalk are 432 typically very narrow and centered around their mean value. 433
Where are real organisms located in the pt, sq parameter space? Reports of the number 434 of co-expressed genes greatly vary between organisms and depend on growth conditions. 435
For example: 10,000 dierent genes were reported to be co-expressed in a mouse cell we found that this s eective is very close to the distribution median. Using our estimates for 449 s and t, we estimated minimal crosstalk X ¦ for this subnetwork of S. cerevisiae to be in 450 the range 0.03-0.04 (see Fig 4B) , if 30%-80% of the genes are co-regulated. Our analysis 451
showed that, for relatively low s values, there was a regime in the parameter space in which of activators. For organisms with high s values, the regime in which 'busy' is benecial is actually anomalous, and hence biologically irrelevant. Such higher s is expected for 456 organisms with shorter binding sites. 457
Binding site data is often incomplete. To assess the validity of whole-network crosstalk 458 estimation based on a small subset of TFs, we constructed synthetic gene regulatory net-459 works, sampled some subnetworks and then compared the s estimation of full and partial 460 networks. In the S. cerevisiae case, we found that a full network crosstalk estimate is possible 461 with binding information of only 16%-33% of the TFs. 462
Our analysis determined a lower bound for crosstalk. Some of our simplifying assump-463 tions were lenient and crosstalk may be higher than predicted by our model. For example, we 464 assumed that total TF concentration is accurately tuned. In reality, TFs are not necessarily 465 expressed and degraded at a precise time [47] . Other simplications that may have aected 466 crosstalk estimates include the averaging over gene sets of same-size as representatives of 467 dierent environmental conditions, whereas, in reality, the number of expressed genes could 468 vary between environments (e.g., growth media [43]). We averaged over all possible choices 469 of active genes, although only some of these activity combinations occur naturally. We also 470 assumed that every gene has a regulator, and vice versa, although this is not always the 471 case. Hershberg and co-workers found an imbalance between genes and regulators, where 472 orphan repressors with no genes and orphan genes with no activators, transiently exist, and 473 could also contribute to crosstalk [48] . 474
Our study demonstrated the pervasive impact of a new type of protein production cost 475 which is typically overlooked: that of regulatory interference caused by excess proteins 476 in the dense cellular medium. This regulatory cost is distinct from the energetic burden 477 of unnecessary protein production, which was found to delay growth [8, 9, 10, 49]. The 478 regulatory cost increases super-linearly with the number of molecular species and regulatory 479 interactions. Hence, it is exposed only when the network is considered as a whole. on the network to achieve a certain input-output goal, remains to be formulated. 495
Methods
496
Distribution of t is approximated by a Gaussian distribution. Given that a gene i has its cognate TF present with a probability γ i (i p1, M q, where M is the total number of genes), the distribution of available transcription factor species in the system follows Poisson-binomial distribution. This is the probability distribution of a sum of independent Bernoulli trials that are not necessarily identically distributed, each with probability γ i . Its mean and variance are:
As this distribution is dicult to compute for large values of M , we can follow the central 497 limit theorem and approximate it by a Gaussian distribution with the same mean and 498
variance. 499
Exact solution of probability distribution of X ¦ . For a function X ¦ ptq, where t is a random variable with probability distribution f t ptq, the probability distribution of X ¦ , f X ¦ pX ¦ q is:
where g ¡1 i pX ¦ q t i represents the inverse function of the i¡th branch. In our case with two branches:
The solutions for g ¡1 i pX ¦ q and its derivative exist for crosstalk X ¦ ptq and can be analytically 500 computed. Therefore, the solution for the distribution of minimal crosstalk f X ¦ pX ¦ q is also 501 analytically known. 502
For regime I, the lower limit on crosstalk is X ¦ ptq t. Its inverse is g ¡1 pX ¦ q tpX ¦ q X ¦ , while the derivate dg ¡1 pX ¦ q{dX ¦ 1. Similarly, in regime II, the lower limit of crosstalk 504 equals X ¦ ptq 1¡t{p1 αtq, the inverse function g ¡1 pX ¦ q tpX ¦ q p1¡X ¦ q{p1¡α αX ¦ q, 505 and its derivate dg ¡1 pX ¦ q{dX ¦ ¡p1 ¡ α ¡ αX ¦ q ¡2 . The analytical solution for regime 506 III was computed using Mathematica and the solution can be found in SI. 507
Using these values, one can compute f X ¦ pX ¦ q for X ¦ coming from any of the three regimes.
508
Stochastic semi-analytical solution of crosstalk for a random number of TFs 509 present. For each gene i, we randomly draw, with probability γ i , that its cognate TF is 510 available. We then obtain the proportion t of available TFs. As this process is stochastic, 511 the proportion t diers between dierent realizations. Next, we compute the lower limit on Some technicalities and concerns regarding PCM usage When computing the en-526 ergy matrices using PCMs, certain issues arise that could strongly bias the results if not 527 properly addressed; 528
• Inequality of total counts between positions in PCM data. The sum of counts over 529 all 4 nucleotides in a given PCM should be equal for all positions, but occasionally, 530 positions with dierent total counts are found. As they bias our occurrence statistics 531 (and hence our energy calculation), we used only PCMs in which the total count was 532 equal throughout. 533
• Zero counts in the PCMs. Many PCMs include zero counts for certain nucleotides 534 at specic positions, rendering that element of the energy matrix undened. Here, 535
we applied a commonly used practice of adding a pseudocount δ to all PCM entries.
536
Following a previous work [13] , where various δ values were compared to an information 537 method (where pseudocount is not needed), we took δ 0.1.
538
• Count number suciency. To achieve a reliable estimation of energies in the energy 539 matrix, we only used PCMs with at least p counts 5 counts per position.
540
In total, we found 196 TF PCMs, but due to the above concerns, we considered only 23 of 541 them in our calculations. 542
Numerical computation of similarity measure using PCMs. To compute the sim- • If the TF consensus sequence l was shorter than the binding site sequence k, we 549 computed the energies for all possible overlaps of the shorter sequence with respect to 550 the longer one. We took the minimal value to be the binding energy. 551
• If the TF consensus sequence l was longer than the binding site sequence k, the TF 552 energy matrix was again slid over the binding site and energies were calculated again for 553 every relative positioning of the two sequences. The only dierence from the previous 554 case was that energetic contributions from positions where the TF binds outside the 555 binding site, were taken into account by averaging energies over all four nucleotides. 556
In other words, total binding energy E E 1 E 2 is the sum of contributions from 557 nucleotides inside (E 1 ) and outside (E 2 ) the binding site. The energy contribution of positions j outside of BS equals E 2 °j E 2j , with E 2j °4 i1 ij {4 being the average 559 binding energy at position j ( ij represent elements in the energy matrix). Here too, 560 we computed the binding energy for all possible overlaps between the BS and TF. 561
Then, the lowest energy was taken as the binding energy E kl .
562
This provides the matrix of binding energies E kl between every binding site k and every TF l. Importantly, this binding energy is asymmetric, namely E kl $ E lk . Hence, the similarity measure between binding site k and all other binding sites was computed as:
with C l being the concentration of TF species l, and T the number of present TF species. In 563 other words, the similarity S k is the average Boltzmann weight, taken over all non-cognate 564 TF binding to binding site k. 
607
The rest of the procedure followed the previous calculation, where each TF had only one 608 cognate binding site: i) use the new similarity measure and compute the probability of 609 crosstalk states, ii) do this for all genes, iii) compute the total crosstalk, iv) average over 610 dierent random choices of the set of t genes, and v) minimize X with respect to the 611 concentration C to obtain the X ¦ ptq.
612
Simulating synthetic data To simulate synthetic data of TF binding preferences, we 613 constructed articial PCMs, using the statistics of the 23 yeast energy matrices, as follows. 614
We rst created the nucleotide distribution of the yeast TFs consensus sequence and then 615 drew random realizations from this distribution to obtain a consensus sequence of each new 616 TF. This distribution was non-uniform and was biased towards excess of A and T nucleotides. 617
In doing so, we allowed for an unequal length of consensus sequences, as in the yeast data 618 (using the same length distribution). We then created the distribution of the non-consensus 619 energy values of the 23 TFs energy matrices. To construct synthetic energy matrices for 620 these "TFs", we drew random realizations from this distribution. 621
Computing the subnetworks of synthetic data and their crosstalk To construct 622 a full network, we fabricated data for 300 TFs, computing the energy matrix and consensus 623 sequence for each. We next computed the network's matrix of binding energies E kl full network 624 of the l-th TF to the k-th binding site, following the same procedure as for yeast data.
625
We next formed subnetworks of this full network, by choosing a subset of TFs and taking 626 the corresponding subset of binding energy entries, to obtain E kl subnetwork . We used either 627 randomly chosen subsets of TFs ("random networks") or deterministically picked the subset 628 of TFs having the highest similarity measure S full network 
